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Adaptability Improvement of Learning from Demonstration
with Particle Swarm Optimization for Motion Planning
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(Abstract)

We present a method for improving adaptability of Learning from Demonstration
(LfD) strategy by combining the LfD and Particle Swarm Optimization (PSO). A
trajectory generated from an LfD is modified with PSO by minimizing a fitness
function that considers constraints. Finally, the final trajectory is suitable for a task
and adapted for constraints. The effectiveness of the method is shown with a target
reaching task with a manipulator in three-dimensional space.
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1. Introduction

Motion planning finds a sequence of
actions that move from an initial

configuration to a goal configuration. A

representative  approximation method  for
solving high dimensional motion planning
problem is Rapidly-Exploring Random Tree
(RRT) [1], (2.

action

The algorithm samples an

in a state space, constructs tree
structure and finds a path that starts from an
initial configuration to a goal configuration.
Another approach for motion planning in a
high-dimensional space is a Learning from
In the

LfD, trajectories that a robot should follow

Demonstration (LfD) strategy (3], [4].

are extracted from human demonstrations and
those are used as data for encoding motions
and they are used for a motion planning.
The advantage of the LfD method is that it
can find a motion planning solution that is
suitable to a task in a short time.

A. Ude and et al [5]
method for various general tasks. In [5],

suggested LfD

trajectories demonstrated by a human are
encoded by Dynamic Motion Primitives
(DMPs) 6], [7]. The method was extended in
[8] for real-time motion planning. Although
the method successfully generates a motion
when a query point is similar to learned
when

trajectories, it has a limitation

additional constraints such as an obstacle
avoidance, a velocity limitation, and a short
distance constraints are added. Even though

frameworks for the LfD for dealing with

constraints were suggested in [9]-[11], they
only consider a few numbers of constraints
and setting for the constraints is not
tractable.

In this paper, we combine LfD and Particle
Swarm Optimization [12], [13] for adaptation
of trajectory to a task. Although those two
methods can be used independently, their
can be utilized when those
Amounts  of

modification for a trajectory generated from

advantages
methods are  combined.
the LfD is encoded into a parameter and it is
optimized with PSO. The final
becomes suitable for a task and adapts for

trajectory
constraints. The proposed method follows

similar procedure shown in [15] and
improves adaptation performance by using
PSO which is a stochastic global optimization
method.

The paper is organized as follows. In
section 2, combination method of LfD and
PSO are section 3, the
simulation setup is addressed and results of
the proposed method is analyzed. Finally
concluding and discussion are

provided in section 4.

provided. In

remarks

2. Combination of Learning from
Demonstration and Particle Swarm
Optimization

2.1 Generalization of DMPs for LfD
In this section, LfD framework that is used

in the paper is briefly summarized. LfD



method proposed by Ude and et al. [5] is
applied to proposed method because it shows
a good generalization property and have been
applied to many real-world applications.

The procedure for the generalization of
DMPs consists of two stages. The first stage
is a data collection stage for learning and the
second stage is a trajectory generalization
stage for motion planning. In the data
collection stage, trajectories that should be
followed collected  from  human
demonstrations and the set of trajectories
consists of the

are

, ok “k
zZ= yi}(tk,j)7y(1(tk1j)7yd(tk,j)7qk| (1)
k=1, Mj=1,-,T,

' k -k
where ys(tk,j)7yd(tk‘j)’yd(tk.,j)quJ‘/[’T}w and g

are measured positions, velocities, and
acceleration on trajectory & number of
examples, number of sampling points on
each trajectory, parameters describing a task.
Here, the gi is used as query points and a
structure of the DMPs is determined by these
DMPs specified by the
weighting factor w; time constant 7, and
goal point g and relations between g and (w;

r, g are learned with the data set Z

parameters. are

G2 :qg— W, g

Gaussian process regression (GPR) [16] is
used for estimating z and g and Locally
Weighted Regression (LWR) [17] is used for
estimating the w. For a new query point g,
it is used as an input of GPR and LWR and
time constant ~ and goal point g are
generated from GPR, and weighting factor w

is generated from LWR. DMPs are
constructed based on the parameters.

In [8], the original generalization of DMP
referred as Raw Trajectories
Generalization (RTG) and the modified
generalization of DMP was referred as
Generalization (MPG).
The DMP parameters 7z and g are estimated
with GPR and w is estimated with LWR in
RTW and 7, g and w are estimated with
GPR in MPG. A DMP is corresponded to
each joint and DMPs are used to generate a
trajectory. The joint trajectories for each time
are generated with the DMPs the
position of the end-effector is obtained by
kinematics. In this paper, the MPG is used
for generating a trajectory of LfD.

was

Movement Primitives

and

2.2 Particle Swarm Optimization

Particle Swarm Optimization (PSO) is a
population  based
method inspired by social behavior in a

stochastic  optimization

nature such as bird flocking or fish schooling
(12],
particle

[13]. The PSO uses a concept called a
and a swarm. A particles is
corresponding to an animal, a bird, and an
insect in a herd, a flock, and a swarm
respectively. Each particle has own position
and velocity and they are randomly initialized
in a search space. When number of particles
in a swarm is S and each particle has a D
dimensional vector at iteration i, positions
and the velocities of particles are represented
as (2) and (3) respectively.

X, ={x,(1),X,(2), -

7 2 K3

X,(5—1),X,(8)}

13 2

2
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V,={v,(1),V,(2),,V,(§—1),V,($)} (3)
where Xi(s) and Vi(s) are D dimensional
vectors.

As increase an iteration, the particles
cooperate and finally reach a solution by
preserving and sharing their previous best
position. Particles store their best experience
during optimization process and velocity and
position of each particle are updated by (4)

and (5) respectively.

Vils)+¢,(py(s)—X:(s) (4
(1 (5) — X, (s))

Vi(s)=

X1 (s)=X,(s)+V,,(s) (5

where Vi(s) is a velocity and Xi(s) is a
position of a particle at i iteration. And pbest
is a previous best position for each particle
and lbest is a best position of the local

Algorithm 1 Basic PSO for minimization problem
1i=0
2: for each particle s=1,...,/ S do
3: for each particle d=1,..., D do
4 X;[d](s) = uni form(Xmin[d], Ximaz[d])
5:  end for

0: pbest('—(") = X%(“)

7

8

Ci(s) = Cost(Xi(s))

. end for
9; for iteration 1 = 1,..., MaxIteration do
10.  for each particle s=1,..., S do
11: Viri(s) = Vi(s) + 01(Prest(s) — Xi(s)) +
pi(gbest = Xz(s))
12: Xit1(s) = Xi(s) + Viqa(s)
13: Ciy1(5) = Cost(X;+1(5))
14: if Ciyi(s) < Ci(s) then
I5: Prest(s) = Xi11(5)
16: end if
17:  end for
18:  Gindex = argminCyy1(s),s =1,..., S

s
19:  Gpest = Xi+1(Gindex)
20: end for
21: return gpest

particle obtained so far. ¢1 and ¢2 are
determined as ¢1 = rand(0, cl), 2 = rand(0,
¢2) and cl is a cognition learning factor and
c2 is a social learning factor.

The optimization procedure of the PSO is
summarized in Algorithm 1. First, the velocity
and position of particles are initialized in the
And then each particle is
of particle

search space.
evaluated and positions
updated until the max iteration.
R. A Krohling [14]
update equation based on the Gausssian
distribution random number generator in PSO
and named it as Gaussian Swarm. It does

are

suggested  velocity

not require PSO cognition learning factor cl
and social learning factor c2 and converges
faster PSO. The velocity
change equation of Gaussian Swarm is (6)

than canonical

Vio1(s) =lrandnl(p,, (s) —X;(s))  (6)
+lrandnl(gy,, (s) — X, (s))

where [randn| is a positive random number
generated according to the absolute value of
the normal distribution, i.e., abs[N(0,1)].

2.3 Trajectory modification vector for
Learning from Demonstration

In the case of the time duration between a
start point and a goal point is T and
sampling time is dt, number of steps of the
trajectories is N = T/dt.
trajectories modification for each step is
optimized with PSO. When a

generated from LD is PIfd(t) and modification

The amount of

trajectory



amount is Pmod(t), the final trajectory P(t)
for an execution is represented as

P(t) = Py, (t) + P, 4(t), for t=dt,...,(N—1) < dt,

P(t):P[fd(t)a for t=0 and t=NXdt.

@)
P(t) can be a trajectories in Cartesian space
or in joints space. When n = t/dt is set,

above equations are changed to

P[n]:PZfd[n]_‘—Pmod[nL for n:17...7N727
P[n]:PW[n], forn=0 and n=N—1.

@®

The procedure for adapting the trajectory
for constraints are shown in Fig. 1. The
optimization algorithm, PSO, optimizes the
Plnjpes and the final trajectory P/ s
obtained by combining P/n/iz and Pln/med.

2.4 Fitness function for optimization

A fitness function to be minimized has a
following form.

NC
f(Pn)) = Z:] W, Const; (Pln]) ©)

where Const(-) are functions that represent
each constraints, W; are weighting factors
that balance the relative importance of each

constraint and ANC is the number of
constraints.
The first constraint —minimizes the

modifications to a trajectory and has the
form

WD WD
Pln]) = Y|P n]— Pyl = YJ1PL 4lnll
d=1

d=1

Const

minmod(
for n=0,.,N—1.
(10)

A trajectory generated from the LfD should
be modified as small as possible to make a
trajectory that is similar to a demonstration
because the trajectory  is
suitable for a task.

The second constraint is
acceleration and has the form

demonstrated

for minimum

Const ;. ..(Pln]) = lacc(P[n])| an

for n=1,.,N—2

where the function /acc(p)/ is the

! Modification
~ with PSO

Query point Pi[n] } L

—*  LfD Module —— s |

lP[ﬂH’[ﬂ] 11PN

Robot

Fig. 1. The procedure for adapting a trajectory for
constraints. The final trajectory is combination
of a trajectory generated from LfD and a
modification amount optimized with PSO.

magnitude of the acceleration for a step and
can be calculated with finite differences. The
finite difference equation for each dimension
is

[n+1]—2P[n]+ Pln—1]

_ P
acc(Pln]) = e .

(12)
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In this study, dr is set as 7 and acc(Pln/)
is calculated for each dimension of the
workspace. Usually, minimizing the
acceleration is important for saving energy
and avoiding a sudden change in the motion.

The third constraint is for avoiding
obstacles and has a following form
ConStn,bsmm TL] = E s‘a/‘ﬁ ”0b8[ ]
o=1
for n=1,.,N—-2
(13)

where Obs/o/ is the location of the center of
the obstacle, R/o/ is the of the
obstacle o, O is the number of obstacles,
Rure is the radius for a safe margin and the
function d'(a,az) is an activation function
whose value is 7 when a is less than a; and
0 otherwise. In this paper, we assume that
obstacles are static and approximated with
compositions of spheres.

The objective
optimized is

radius

final function to be

N—1

- E mm”“’lconStmlnnmd(P[n})
R mma(rconStmmacp(P[nD
+ th@avo ConStobsavo (P[’IL])

(14)

The final fitness function is the sum of the
fitness value for steps between 0 and N —
1

3. Simulations

3.1 Simulation setting

In this section, proposed method is verified

P,

by simulations. The simulations are aim for
reaching task with an arm-type manipulator
which is basic in motion planning. Various
tasks such as pick and place task can be
utilized based on the task. For implementing
a LD framework, we selected Movement
Primitives Generalization (MPG) [8] that can
be used for a real-time trajectory generation.

For the simulation, the trajectories that
start from an initial position and move to
final
were used for learning MPG. The robot being
simulated is shown in Fig. 2. The values of
the parameters in the figure were L; = 17
cm, Ly = 1.7 em, L3 = 6.7 cm and Ly = 10
cm. The parameters of the DMP for MPG are

positions were generated and those

Mmp: 20, G~ 1, a,~ 4&2, and ax= 0.1
Sampling time is df = 0.0Is, trajectory end
time is 7 = 05, and number for the

trajectory segment is N = 50. We generated
75 minimum jerk trajectories [18] in the joint
space  that have velocity  and
acceleration at the start point and goal point.

Z€ero

L4

Fig. 2. Kinematic model of the robot arm. The robot
has 3 joints and 4 links. The first joint rotates
about the y-axis, and the second and third
joints rotate about the x-axis.



Final positions in Cartesian coordinate are
set as query points. The query point in x
axis are located from /2 cm to 16 cm and y
and z axis are located from —4.0 cm to 4.0
cm and the step for each point is set as 2
cm. The query points in Cartesian space are
shown in Fig. 3.

(w2) 2

=2 0

Y (cm,
) -4

3. Query point for learning MPG. Each trajectory
starts from an initial position and reach a
goal point that is used for a query point.
Total number of query point is 75.

Fig.

Goal position

Obstacle 1

. ... Obstacle 2
Initial position .

% 7
riaee sttt /-

5
10
X fem)

Fig. 4. Trajectory with collision before an adaptation.

15

The circles in Fig. 3 are query points and
there are 75 points. Those trajectories are
used for learning the MPG. Obstacles were
located at (75.0,—1.0,—5.0) cm and (10.0,—

2.0,—14.0) cm and their radius are 4 c¢m and
2 cm respectively. When a query point is
(12.0,—4.0,4.0) cm, a trajectory collides with
the obstacles as shown in Fig. 4. In this
case, the adaptation should be conducted.
Number of the iteration for PSO was set
as 200 and number of particles was set as
100. The initial particles were initialized with
normal distribution MO, 0.0F°). The weight
parameters were set  as  Wonace=Wininmoa=10
and Wopsano=1000. The safe margin HKwue Was
set as 0.1 PSO tries to

minimize the fitness function.

In this setting,

3.2 Simulation result

The result of the trajectory adaptation with
PSO in three dimensional space is shown in
Fig. 5. The trajectory avoided obstacles and
the The
trajectory modification amount,

reached goal. initial ~ trajectory,
and final
trajectory in each axis are shown in Fig. 6.
The steps that

optimized and a final trajectory was modified.

violate — constraints are
The fitness value for each iteration is shown
in Fig. 7. As shown in Fig. 7, the fitness
value was continuously decreased as iteration
goes. The initial fitness value was 7935.99
and final fitness value was 299.92. It was

reduced for adapting constraints.

4. Conclusion

In this paper, adaptation method for LfD

with  PSO was proposed. A trajectory
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generated from an LfD was modified with
PSO. The final trajectory was suitable for task
because it was adapted for a constraints. The
simulations for generating a trajectory that
reaches a goal point in three dimensional
space with a robot were conducted. The
proposed algorithm successfully modified a
trajectory to adapt to constraints and could
improve the adaptability of the LfD.

Before Adapation
After Adapation
Collision

Start point

Goal point

X (Crn)]'o

15 8
Fig. 5. Trajectory adaptation result. The optimizer

modified an orignal trajectory generated
from MPG and avoided obstacles.
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Fig. 7. fitness value for each iteration.
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